• We present micro-probing (MP), a method for fine-grained visualization of pRFs. 2
1.Introduction 26
Over the past decade, our understanding of human brain function, organization and plasticity has 27 increased tremendously. An essential contribution to this success has come from the ability to 28 characterize the receptive field (RF) properties of neurons. The first electrophysiological 29 measurements of those receptive field properties (in monkeys and cats) showed that the visual 30 cortex is retinotopically organized and contains multiple maps representing the visual field 31 (Hubel et al., 1977; Hubel and Wiesel, 1974a, 1974b) . The development of non-invasive 32 neuroimaging techniques, such as fMRI, opened a window to study brain activity directly in 33 humans, albeit at a somewhat coarser scale. A subsequent boost to the field of visual 34 neuroscience came from the development of biologically plausible computational models, which 35 enable detailed characterization, also in humans, of the collective stimulus-referred RF of a 36 population of neurons (Dumoulin and Wandell, 2008) . Such detailed characterization is essential 37 for linking brain function and behavior and understanding brain plasticity (for reviews, see e.g. 38 Briefly, conventional population RF (pRF) mapping employs biologically inspired models to 43 predict the neural tuning profiles per voxel, by systematically stimulating well defined portions 44 of the visual field while recording the stimulus evoked activity using fMRI. Given that a standard 45 voxel of (3 mm 3 ) captures the cumulative activity of ~1 millions of neurons, a pRF assesses the 46 aggregate response across all neuronal subpopulations present within a voxel and thus primarily 47 represents the most vigorously responding subpopulation. The standard approach requires 48 making a priori assumptions about the spatial, temporal and feature-selective properties of the 49 pRF. For example, the number of pRFs per voxel is often assumed to be one and the pRF is 50 assumed to be circular symmetric. However, such assumptions limit the ability to reveal 51 unexpected pRF shapes, properties and subpopulations. To advance our understanding of visual 52 processing and cortical organization, approaches that can capture more fine-grained properties of 53 distinctive subpopulations would be required. In particular, characterization of the shape of RFs 54 may reveal its selectivity and specificity (Chapin, 1986; DeValois, 1982; Finlay et al., 1976; 55 Merkel et al., 2018; Ringach, 2002; Silson et al., 2018a ). An example of a model that results in a 56 detailed characterization of the RF structure is the single unit receptive field (suRF). By 57 modelling the neuronal activity with Gabor functions, suRF enables estimation of the size of an 58 average single-neuron RF (Keliris et al., 2019). 59 60 An analytical model that makes minimal a priori assumptions -enabling advanced pRF-61 mapping techniques -could be used to study visual pathologies, which are often characterized 62 by highly atypical cortical pRF shapes. In such conditions, asymmetrical or even fragmented 63 pRFs can arise that severely challenge both conventional retinotopic and contemporary pRF 64 mapping techniques (Baseler et al., 2011; Papanikolaou et al., 2014) . Such conditions could be 65 an important application of advanced mapping techniques. While atypical and even unexpected 66 pRFs may arise in deafferented visual cortex due to retinal or cortical lesions, very systematic 67 deviations have been found in congenital visual pathway abnormalities (Hoffmann and 68 Dumoulin, 2015) . In albinism, for example, the visual cortex receives input from both 69 hemifields, resulting in voxels with bilateral pRFs in opposing visual hemifields (Hoffmann et 70 al., 2003; Kaule et al., 2014) . These pRFs are associated with an erroneous projection of the 71 axons from the temporal retina to the contralateral hemisphere, which affects the central vertical 72 portion of the visual field. Due to the predictability of the resulting pRF-abnormalities, i.e. their 73 bilaterally split shape, albinism is ideal for validating the performance of new pRF-mapping 74 techniques that have been optimised -with minimal a priori assumptions -to reveal highly 75 atypical pRFs. 76 77 We therefore developed a technique for capturing the activity and properties of neuronal 78 populations and subpopulations, which we present here. This approach efficiently samples the 79 entire stimulus space, such as the visual field, with a "micro-probe": a 2D Gaussian with a small 80 standard deviation. Regions of stimulus space that exhibit better model fits will be more heavily 81 sampled. Like the conventional pRF approach, these micro-probes sample the aggregate 82 response of neuronal populations, but they do so at a much higher level of detail. Consequently, 83 for each voxel, the MP generates a probe map representing the density and variance explained 84 (VE) for all the probes. The probe maps are visual field coverage maps that can be used for 85 visual inspection and for directly deriving neural properties such as symmetry. Moreover, 86 following probe thresholding and clustering, they can also be used for identifying multiple 87 clusters within a voxel. We define a cluster as an aggregate of probes, that together have a 88 distinct position, shape and size). Such cluster properties can be characterized by fitting shape 89 models, if desired. Biologically, a cluster can be interpreted as a (sub-) population of RFs. When 90 it is necessary to distinguish a population RF identified using MP, we will refer to it as a pRF mp . 91 A primary advantage of our new approach is that it makes minimal a priori assumptions about 92 the pRF properties or the number of constituent clusters. For example, there is no need to specify 93 up front the expected number of spatial locations that a recording site (voxel) may respond to. 94
We validated and tested the limits and capabilities of our new method using both in-vivo visual 95 field mapping data and simulations. Without using specific stimuli or models, we recovered 6 bilateral receptive fields in primary visual areas that are typical for the abnormal visual field 97 representations in albinism (Hoffmann et al., 2012 (Hoffmann et al., , 2003 . Moreover, to demonstrate its 98 versatility, we empirically estimated multiple clusters properties in healthy participants within a 99 pRF mp . 100 2. Materials and methods 101 102
The methods are presented in the following order. First, we will go through the steps of the MP 103 framework. Second, we will describe the acquisition procedure. Third, we will describe how the 104 MP analysis is applied to simulations, empirically acquired fMRI data from healthy observers, 105
and to the fMRI data of a cohort of observers with albinism and age-matched controls. 106
Micro-probing framework 107
To describe the MP framework, we first recapitulate the conventional pRF approach on which 108 MP is based. Second, we describe the application of a Bayesian Markov Chain Monte Carlo 109 (MCMC) sampling approach (see (Adaszewski et al., 2018) ) which results in a probe map. Note 110 that the MCMC approach is not crucial for MP, but significantly reduces the computational 111 requirements by efficiently sampling the entire stimulus space. Finally, we describe how we 112 Wandell, 2008) . Note that a probe map is composed by every probe ( , ) weighted by its respective VE. Panel B: 117 pRF mp estimation based on the probe map: this step includes thresholding the probes such that only the most 118 explanatory ones are retained followed by cluster analysis. The output parameters are: the number of clusters within 119 a pRFs mp ( ); the position of the pRFs mp (clusters), eccentricity ( ) and polar angle ( ); the size of the pRF mp 120 (clusters) which is defined based on the major and minor axes of the ellipse and , respectively and the 121 orientation of the pRF mp ( ). 122
Probe definition and conventional pRF fitting procedure 123
The core of MP is based on the conventional pRF method (Dumoulin and Wandell, 2008) . 124
Similar to the conventional pRF, a probe is defined as a 2D Gaussian in Cartesian coordinates (in 125 deg) in visual space, centered at and . However, in our MP we force a narrow fixed width ( ). 126
The results shown in this study were obtained with = 0.01deg. 127
128 129
Here, we assumed that & is normally distributed, enabling the estimation of the mean and 140 standard deviation (,̂ and , respectively). Given ,̂ and , we calculated the total likelihood, ., 
Bayesian MCMC 146
In order to obtain (per voxel) a projection in stimulus space of all the probes weighted by their 147 VE (probe map), probes were fitted at different locations. To this end, the MCMC approach was 148 implemented to efficiently sample the entire visual field. The center of the probe was defined 149 using two latent variables. We used the nomenclature of Zeidman and colleagues (2016). Let ' 2 , 150 ' 1 be the latent variables corresponding to the radius and angle of the pRF center, respectively. 151
The probe position of a RF in polar coordinates is given by: 152 Here is the radius of the stimulated visual field, in degrees. )345 is the normal cumulative 157 density function. Note that the centre of the probe was constrained to fall within the stimulated 158 visual field. As the MP fitting procedure was done in Cartesian coordinates, the polar coordinates 159 were converted as follows: 160
To incorporate biological prior knowledge about the expected distribution of the probes within 165 the visual field, a prior was assigned to each of the latent variables, ' 1 and ' 2 . Based on (Zeidman 166 et al., 2018), these priors were defined as normal distributions, N(0,1) which, after conversion 167 into polar coordinates ( and , equations 5 and 6), express the assumption that the density of 168 neurons is higher in the fovea than in the periphery (Azzopardi and Cowey, 1993) . In this study, 169 we initialized ' 2 , ' 1 with 0.5 and 1, respectively. 170
171
In the Bayesian MCMC procedure two probe locations are compared, the current probe and the 172 proposal (new probe), these are indicated by a and 8 in Figure 1 . The position of the proposal 173 probe is based on the current one as follows: the step size was controlled by 9 :;<:<=>? . In this 174 study we defined , @ and @ as 0.5 and 2, respectively. 175 9 :;<:<=>? = |)(, @ , @ )| (9) 176 177 ' 2 :;<:<=>? = )(' 2 AB;;CD& , 9 :;<:<=>? ) (10) 178 179 ' 1 :;<:<=>? = )(' 1 AB;;CD& , 9 :;<:<=>? ) (11) 180 181 182
To evaluate whether the current position will be updated by the proposal position, the following 183 steps were used in a MCMC approach. The likelihood of the proposal probe was compared to 184 that of the current probe. Therefore, an acceptance ratio, E , was computed. This was used as follows. If E is bigger than one, the proposed probe results in a better fit than 189 the current one, and the current position is updated. If E is smaller than one, the fit is not better, 190 yet there is still a chance to update the current position. For this, a probability of random 191 acceptance, J88
was defined as N(0,1). If Ar is bigger than accept, the latent variables,' 2 , ' 1 192 are updated nevertheless. Following the iterations, we generated a probe map consisting of the projection in the stimulus 202 space of all the probes weighted by their VE. Note that a visual inspection of this probe map 203 already informs about the properties of the neural (sub-) population(s) that are present in the 204 voxel. In addition, based on this probe map, we can estimate various pRFs properties, such as the 205 number of clusters, position, size, elongation, orientation, and irregularity of the shape and VE 206 ( Figure 1B) . 207
208
The pRF mp estimation comprises three steps: first, we select the k% probes with the strongest VE 209 (k-threshold). Additionally, these probes need to have a VE above VEmax -VEr. Where VEmax 210 is VE of the best fitting probe and VEr defines the VE range. We found this additional selection 211 improves any subsequent clustering and shape estimation. Unless specified otherwise, in the 212 present study we used a value of 15% and 0.1 for k and VEr, respectively. 213 214 Second, the number of clusters in the pRF mp was determined by applying a weighted cluster 215 analysis. Gap statistics were used to evaluate whether a single or multiple clusters were present 216 (Tibshirani et al, 2000) . In the latter case, to estimate the number of clusters, the Davies-Bouldin 217 index clustering (DB) algorithm was applied (Davies and Bouldin, 1979) . Note that the particular 218 choice of the clustering algorithm does not critically affect the number of estimated clusters 219 ( figure S3 ). The maximum number of clusters that can be estimated needs to be defined a priori. 220
In this study, we defined a maximum of four clusters for simulations and healthy observers and Where U and V are the major and minor axes of the ellipse, respectively. represents the angle 248 between the major axis and the horizontal meridian. Note that formulas 13-15 define the 249 coefficients J, and 8 used in formula 16. 250
The total profile was given by the sum of the simulated individual pRFs. Next, the simulated 252 time series were calculated based on the steps to generate the predicted times series (equation 2). 253
We used the standard moving bar stimuli, described in the stimulus section. White Gaussian 254 noise was added to the simulated time series. prescan images (duration of 12 s) were discarded. During scanning, participants were required to 296 perform a fixation task in which they had to press a button each time the fixation point turned 297 from green to red. The average (std. err) performance on this task was 90.9% (±6.8%). obtained with the conventional pRF model). For each observer, six visual areas (V1, V2, V3, V4, 320 LO1 and LO2) were manually delineated on the inflated cortical surface. 321
Test-retest analysis 323 324
The accuracy and robustness to noise were investigated by a test-retest analysis. For this, the data 325 was divided in two test sets (three odd runs and three even runs). MP was performed on each set. 326
Subsequently, each probe map was converted into a heat map for each voxel by calculating the 327 average VE per bin with a resolution of 40 x 40. Following this the correlation coefficient 328 between the two heat maps was computed. The reproducibility for a given region was evaluated 329 by inspecting the histogram across all voxels. 330
Participants with albinism 331 332
Analysis was performed using both conventional pRF modelling and our new MP approach. In 333 the case of conventional pRF modelling, three models were used: a standard single Gaussian 334 model and two bilateral Gaussian models, the latter two with positions that were symmetric in 335 either the vertical or the horizontal axis. Three visual areas (V1 and V2 and V3) were defined in 336 the left and right hemisphere of each observer. In observers A01 and A02, we could define V1 337 only in the right hemisphere due to too much noise in the phase maps. 338
339
The data of the healthy and albinism observers is available at XNAT central under the project 340 ID: fMRI_micro_probing. 341
Symmetry analysis of probe maps 342 343
For analysing the data of the observers with albinism, an additional symmetry analysis was 344 developed based on the probe maps to quantify the degree of symmetry in the pRF mp estimated 345 for a voxel. This provides an indication of the degree to which visual information is misrouted. Additionally in SI we showed: 1) how the pRF mp characteristics were affected by the k-threshold. 379
A stringent k-threshold minimized the eccentricity error, while more lenient ones minimize the 380 size error ( Figure S1 ). Note that the eccentricity and size error corresponded to absolute 381 difference between eccentricity and size estimated using MP and the eccentricity and size of the 382 simulated pRF (ground truth). Polar angle estimates were not influenced by the k-threshold. 2) 383 MP is highly robust to noise and accurately determines the number of simulated pRFs (or 384 clusters) per voxel as well as their position and shape ( Figure S2) . 3) The choice of the algorithm 385 did not significantly influence the number of clusters detected within a voxel. On average 80% 386 and 75% of the times the three algorithms tested (including DB) detected the same number of 387 clusters in the simulated and empirical data ( Figure S3 ). 4) MP better detected the shape of the 388 pRF than the conventional method (using an ellipsoidal model), resulting in lower elongation and 389 orientation error ( Figure S4 ), importantly these simulations were obtained for single pRFs. 5) We 390 showed which parameters may affect the pRF mp performance. The main factors affecting the accuracy of MP were the actual number of simulated pRFs (or clusters) within a voxel and their 392 proximity ( Figure S5 ). Notably the closer the clusters, the more difficult it is to distinguish them. 393
Hence, their activity will be aggregated resulting in an underestimation of the number of clusters. 394
The larger the number of clusters, the higher the probability of errors in the estimation of their 395 number and size. 396 Figure 5A depicts the similarity of the eccentricity maps obtained with the conventional pRF and 428 MP approaches. Figure 5D shows that the pRF mp and conventional pRF eccentricity are highly 429 correlated. In the periphery, however, the estimated pRF mp have somewhat lower eccentricity 430 (i.e. they are situated more foveally) than the accompanying pRFs. This is particularly noticeable 431 for higher-order areas. Table S1 442 for the correlation values and corresponding p-values). Figure S6 shows the relationship between the eccentricity of 443 all clusters and the conventional pRF. Panel E: pRF mp (at different k-thresholds and VEr (VE-range)) and pRF size 444 as a function of eccentricity. The pRF mp size of an arbitrarily chosen cluster was binned in 1 degree bins of 445 eccentricity (data from 7 healthy observers: 14 hemispheres). Error bars represent 5% and 95% confidence intervals.
446
The dashed lines represent the linear fit. Figure S7 450 451 Figure 5B shows the projections of pRF and pRF mp size on an inflated brain mesh. Due to our 452 choice of k-threshold (15%) and a VEr (maximum difference in VE between the most and least 453 explanatory probe) of 0.1, the pRFs mp sizes shown here are significantly smaller than those of the 454 conventional pRFs (note the different scales). Nevertheless, Figure 5E shows that both pRF and 455 pRF mp size increase with eccentricity, irrespective of the k-threshold used. Note how the choice 456 of k-threshold influences the estimated pRF mp size. The less stringent the k and/or VEr threshold, 457 the higher the number of probes, with lower explanatory value, taken into consideration. As 458 expected, the higher the number of probes taken into account the larger the pRF mp size. These 459 thresholds define the restrictiveness of the pRF mp definitions. In other words, these thresholds 460 restrict the susceptibility of the method to noisy data. Nonetheless, the size of the pRFs mp can be 461 compared across ,e.g. eccentricity, visual areas or observers, given a choice for k and VEr. 462 463 Figure 5C shows (projected on an inflated brain mesh) the close similarity of the VE for pRF and 464 pRF mp model estimates. Figure 5F shows that voxels for which the classic pRF method yielded 465 low VE (VE<0.1) were better described by MP (higher VE), whereas voxels with high VE in 466 conventional pRF modeling (VE>0.8) were actually characterized worse by MP. This is partly 467 because the conventional pRF method tends to estimate larger pRFs, which also results in a 468
higher VE. Figure S8 shows that increasing the k-threshold for MP also increases the estimated 469 pRF mp size, resulting in a higher VE. 470 Figure 6 shows that the probe maps obtained with the test set were similar to the ones obtained 473 with the retest set ( figure 6A and B) . Figure 6C shows that for the majority of the voxels there 474 was a good agreement (high correlation coefficient) between the results obtained with the test 475 and retest dataset. Moreover voxels whose correlation between the probe maps obtained using 476 both datasets was below 70% were associated with very noise signals. i.e the maximal VE was 477 below 0.2. 478 Figure 7A shows the projection of 490 the symmetry coefficients (calculated based on the probe maps regarding the vertical midline) 491 onto the reconstructed hemispheres of a representative observer with albinism and a control 492 observer. See method section "Symmetry analysis of probe maps" for more details. In albinism, 493 the probe maps revealed a large number of voxels with pRFs mp that were mirrored across the 494 vertical meridian. Closer inspection of the probe map of Figure 7C , showed highly symmetrical 495 and spatially organized pRF mp in an example voxel. The cortical projections showed that most of 496 the symmetry coefficients were much higher in albinism than in the control observer, and that 497 neighbouring voxels had similar symmetry coefficients. Central regions showed higher 498 symmetry coefficients than peripheral ones. Moreover, we found that a clear overlap between the 499 cortical region with high symmetry values and the right-left hemifield overlap cortical region 500 (dashed line) that was determined based on stimulating the left and right hemifield in separate 501 experiments (described in (Ahmadi et al., 2019.) ). In control observers, high symmetry values 502 were found for voxels with a pRF mp near the border of visual areas (e.g. V1/V2), where the 503 pRF mp is expected to be located on or very close to the vertical meridian. Figure 7B Figure S10 shows that MP tends to perform better than the conventional bilateral pRF model for voxels with very low VE 513 (<0.1), which is in accordance with the results for healthy observers.
MP Reliability: Test-retest Analysis

515 516
To demonstrate the versatility of MP, Figure 8A shows the symmetry calculated for a series of 517 symmetry axes for the V1 region of the right hemisphere of every observer during full field 518 stimulation. Controls had slightly increased symmetry coefficients for both the horizontal and 519 vertical symmetry axes (0 and 90 degrees). This reflects the symmetry of neuronal populations 520 located along the vertical and horizontal meridians and the distribution of pRFs in the visual 521 field. Figure S11 shows the high number of pRFs mp located on the horizontal meridian. For 522 observers with albinism, the inter-observer variability corresponded with their differing levels of 523 misrouting. As expected, those with severe misrouting (top row) showed a high degree of 524 symmetry for the vertical axis. No systematic differences were found for albinism observers with 525 low levels of misrouting (bottom row). Figure 8B shows that patients with a clinically 526 established high level of misrouting had much higher V1 symmetry coefficients for the vertical 527 axis. The symmetry coefficient to the vertical meridian is thus indicative of misrouting. intra-observer variability in healthy controls was low (see Figure S11A ), their symmetry coefficients were averaged.
534
The albinism observers are shown in order of decreasing level of misrouting (see Table S2) (Table S2 ). 539 3.3 Using MP to estimate pRF properties 540 Using MP, it is relatively straightforward to explore a variety of pRF mp properties, such as the 541 number of clusters per voxel, pRF bilaterality or pRF shape (e.g. elongation). Figure 9A shows a 542 map of the spatial organization of the number of pRFs mp clusters over the visual cortex, projected 543 on the inflated right hemisphere of a representative observer. Neighbouring voxels tend to have a 544 similar number of clusters. Comparable results were also observed in observers with albinism 545 ( Figure S12A ). Closer inspection of the probe map of a single voxel (9B) shows how MP 546 resolves multiple clusters and their corresponding properties. Figure 9C shows how pRF mp tend 547 to be more elongated (i.e. less spherical) in the (para-)fovea compared to the periphery. We 548 observed this trend in all visual areas analysed ( Figure S13A ). Moreover the regularity of the 549 shape can be assessed by measuring the skewness of the distributions. V1 had predominantly 550 regular shapes (skewness = 0). The irregularity of the shape tended to increase over the visual 551 hierarchy (Figures S13B and D) . The kurtosis of the probe distribution was positive. This 552 indicated that there was a high sample density at the pRF center and that the thresholding was 553 not too severe ( Figures S13C and E) . Figure 9D shows how unilateral and bilateral pRFs were 554 distributed over the visual cortex, again for a representative observer. Closer inspection of the 555 probe map of one voxel ( figure 9E ), shows how MP revealed two clusters situated in opposite 556 hemifields and quadrants. For the vast majority of the voxels, the estimated clusters were located 557 within the same (contralateral) hemifield (dark blue). However, some voxels contained bilateral 558 pRFs. These are pRF mp clusters that process information from both the left and right hemifields. 559
The bilateral pRFs appeared to be spatial organized and clustered along the vertical meridian (red 560 blobs in Panel D). Panel F shows the histograms of the bilateral pRFs, which peak near the 561 vertical meridians, conforming this observation. 562 
Discussion
576
In this study we introduced micro-probing (MP), a versatile, model-based fMRI analysis 577 framework that requires only minimal a priori assumptions about the underlying biological 578 mechanisms. By repetitively applying micro-probes to the fMRI time series, we produced a 579 probe map that reveals the detailed visual field coverage of each voxel. These maps enable the 580 extraction of fundamental pRF properties that were previously not accessible. We validated our 581 approach using both empirical and simulated data and demonstrated its biological validity by 582 revealing the highly atypical visual field representations for observers with albinism, without 583 making any prior assumptions about this. Finally, we demonstrated how various receptive field 584 properties, such as shape and position, can be determined with relative ease for the entire visual 585 cortex. 586 4.1 MP is reliable, accurate and robust to noise 587 Our simulations and test-retest analysis were crucial to establish that MP-derived pRFs are 588 reproducible and do not result from noise artifacts. Specifically, the test-retest analysis 589 demonstrated that MP-derived probe maps are stable, reliable and highly consistent between the 590 test and retest set. Moreover, the voxels whose agreement between the test and retest probe maps 591 was low were associated with noisy signals. 592
593
The accuracy and robustness to noise was further assessed using a wide range of simulations. 594
These showed: 1) MP could accurately detect multiple clusters and as well as their position and 595 shape within a voxel; 2) MP was highly robust to noise and 3) the choice of clustering algorithm 596 had little to no effect on the number of clusters detected. 597 Our analysis of empirical data of observers with albinism and simulations both revealed that MP 601 accurately detects -for each voxel -the number of clusters as well as their position and shape. 602
Applied to observers with albinism, MP resolved pRFs mirrored in the vertical meridian, thus 603 revealing the simultaneous processing in one hemisphere of the signals coming from both the contralateral and ipsilateral hemifields. This corroborates previous studies that took the bilateral 605 representation of the RFs as an a priori starting point (Hoffmann et al., 2012 (Hoffmann et al., , 2003 Hoffmann 606 and Dumoulin, 2015) . Importantly, MP does not require making such an assumption. Instead, 607 based on stimulation across the entire visual field, it quantifies the degree of symmetry in the 608 vertical meridian (or other directions) in the probe maps. 609
610
As the next step, we used the symmetry values to quantify the extent of misrouting and identify 611 the misrouted cortical region per observer. Remarkably, in controls, we showed that highly 612 symmetric probe maps delineate the borders of the visual areas. The fact that MP revealed the 613 atypical visual field representations in albinism suggests that the pRFs with multiple clusters 614 found in controls are also biologically genuine and meaningful. MP therefore enables a 615 straightforward estimation of atypical RF representations without requiring additional stimuli or 616 assumptions. 617
618
In healthy observers, we demonstrated that MP not only resolves multiple clusters within a 619 voxel, but also their properties. The clusters are spatially organized and the number of clusters 620 increases with eccentricity. Note that due to cortical magnification, it is likely that the 621 subpopulations are more widely spread in the periphery than in the fovea, and thus easier to 622 identify. We found that approximately 10% of the estimated pRFs were bilateral and located near 623 the vertical meridian. This supports the hypothesis that these bilateral pRF may derive from 624 visual callosal connections that contribute to the integration of the cortical representation at the 625 vertical midline (Choudhury et al., 1965; Hubel and Wiesel, 1967; Makarov et al., 2008; Schmidt 626 et al., 2010) . Previous studies focusing on the medial superior temporal (MST) area also reported 627 bilateral RFs (Raiguel et al., 1997; Saito et al., 1986; Ungerleider and Desimone, 1986) . We also 628 found multiple mirrored clusters (> 2) in albinism, corroborating the finding in healthy observers 629 ( Figure S12 ). This suggests two possible explanations that require further study: 1) that single 630 neurons may simultaneously process information from distinct portions of the visual field and 2) 631 subpopulations with spatially distinct properties may be present within a single voxel. Recent 632 neuroimaging studies suggested that there are multiple subpopulations within a voxel that 633 process different characteristics of the visual scene and consequently have different spatial 634
properties. These findings together with current knowledge about the physiology of the visual 635 cortex together support that the latter option is the most plausible The probe maps revealed that the pRFs can be heterogeneous in shape. MP enables pRF shape 641 estimation without assuming specific shape properties a priori, such as circular symmetry. By 642 assessing the statistical properties of the probe distributions, we showed how pRF shape can be 643 characterized. Based on such assessments, we found that the majority of (Merkel et al., 2018; 644 Silson et al., 2018b) the pRFs tend to be elongated. This is in line with recent studies that found 645 that the pRFs tend to be elliptical and radially oriented towards the fovea (Merkel et al., 2018; 646 Silson et al., 2018a). These findings support the functional differentiation of visual processing 647 from fovea to periphery and across the ventral and dorsal cortical visual pathways. 648 649 By comparing the characteristics of MP derived pRFs to those of the conventional pRF, in 650 healthy observers, the following three conclusions can be drawn. Firstly, the eccentricity estimates for pRFs mp and pRFs correlate closely. Our proposition that pRFs mp are biologically 652 meaningful is supported by the similarity between the eccentricity maps obtained with the 653 conventional pRF analysis and MP, and the fact that pRF mp size increases with its eccentricity. In 654 the periphery, however, estimated pRF mp eccentricity tends to be smaller than conventional pRF 655 eccentricity. This could be explained in part by the fact that pRF mp size also tends to be smaller, 656 which corroborates previous work showing that the smaller pRFs estimated for an orientation 657 contrast stimulus also result in lower eccentricity estimates for the same voxels, especially in 658 higher-order areas such as lateral occipital cortex (Yildirim et al., 2018). It may also reflect 659 different model specifications. By design, the MP estimates are located within the stimulated 660 visual field. Consequently, the pRFs mp estimates based on the probe maps are also situated 661 within the stimulated part of the visual field. In contrast, the conventional pRF model allows for 662 partially stimulated pRFs, the centers of which may be located far outside the stimulated visual 663 field. Moreover, the differences between MP and conventional pRF mapping can also result from 664 the model specifications. While in pRF mapping the optimal solution is found based on the 665 parameters that result in the highest VE, MP is based on a VE weighted clustering. As a direct 666 consequence, the pRF mp definition depends on the number of probes taken into account (k-667 threshold) and on the scatter of these probes over the map. 668
669
Secondly, the level of specificity with which pRFs mp are estimated is influenced by varying the 670 k-threshold and VE-range for the probe maps. The results can range from retrieving many sub 671 populations (very restrictive k-threshold and VE-range) to more aggregate responses (more 672 lenient k-threshold and VE-range). At the fairly restrictive k-threshold of 0.15 and VE-range of 673 0.1, the MP approach estimated smaller pRFs mp than the conventional pRF. Such relatively small 674 pRFs mp are in agreement with other studies that also estimated significantly smaller pRF sizes 675 will contribute to unravelling the biological significance of the multiple clusters and 699 characterizing the neuronal subpopulations specialized in the processing of specific spatial and 700 temporal properties (orientation, spatial frequency, colour etc) ( At present, MP is a computationally intensive approach when compared to the conventional pRF 704 model. We expect that software optimization and advances in hardware will contribute to 705 reducing the computation time. We currently address this issue by using parallel GPU 706
computing. Furthermore, the use of MCMC sampling is needed only to speed up the process/ 707 limiting computing resource use, but is not fundamental to MP. In principle, probe maps could 708 result from systematically probing every position in stimulus space, creating a densely covered 709 probe map for each voxel. The use of a Markov-Chain means that the current probe maps contain 710 more probes for regions with higher VE. Our current estimate of pRF mp shape is based on the 711 clustering of the probes weighted by their VE. In contrast, pRFs are fitted to explain the VE of 712 the signal. This explains why the pRFs mp shapes sometimes differ (e.g. they are more elongated) 713 from the pRFs. In our view, neither is necessarily correct; they are just different ways to assess 714 shape. Future work will be required to indicate which approach best approximates biological 715 reality. 716 4.5 Future directions 717 718
MP as presented here is a reliable and versatile method to study cortical organization, but it can 719 still be improved in several ways. First, using more efficient stimulus designs, such as a narrower 720 bar or multi-focal stimulation (Binda et al., 2013; Senden et al., 2014) , could improve the 721 performance of MP. Secondly, applying additional advanced data-driven metrics to extract the 722 shape and number of clusters may result in a more detailed characterization of the RF. Thirdly, 723 the definition of a probe could be extended, for example to a difference of Gaussians, which may 724 enable MP to also account for negative blood oxygen level dependent (BOLD) activity 725 Changes in pRFs have been reported in health and disease (for a summary see (Dumoulin and 737 Knapen, 2018)). Regarding disease, this concerns differentiation following cortical and retinal 738 lesions, schizophrenia and autism spectrum disorder. We anticipate that the application of MP to 739 ophthalmologic and neurologic disorders as well as to adaptation studies will reveal additional 740 characteristics of the RF structure, such as number and shape. 741
742
The recent development of ultra-high field fMRI enables the in-vivo examination of the human 743 brain at a mesoscale and can reveal previously unmapped columnar organizations. However, 744 there is a need for methods that can extract more detailed information on the structure and function of the cortex from this high-resolution data. The application of MP to high-resolution 746 functional data has the potential to reveal how the clusters and their properties are distributed 747 across cortical depth. This will be crucial to study the functional differentiation of the visual 748 processing across laminae. Moreover, it may complement previous studies of cortical 749 organization across cortical depth, ocular dominance and columnar pinwheel organization for 750 orientation selectivity (Fracasso et al., 2018; Shmuel et al., 2007; Yacoub et al., 2008) . 751
752
In this study, we described the application of MP to characterize the spatial organization of the 753 visual cortex. However, MP could also be applied to visual feature dimensions, other sensory 754 modalities and non-spatial yet spatially organized features such as numerosity ( properties of the brain in health and disease using minimal a priori assumptions. 764
